First-born children tend to outperform their younger siblings on measures such as cognitive exams, wages, educational attainment, and employment. Using a framework similar to Cunha and Heckman (2008) and Cunha, Heckman, and Schennach (2010), this paper finds that differences in parents' investments across siblings can account for more than one-half of the gap in cognitive skills among siblings. The study's framework accommodates for endogeneity in parents' investments, measurement error, missing observations, and dynamic impacts of parental investments.
I. Introduction
Understanding the influences on cognitive development among children is a fundamental question for economists, sociologists, and psychologists. One factor that may shape achievement is family structure. In this paper, I focus on the relation between birth order and cognitive skills. Studies indicate that, on average, firstborn children outperform their younger siblings on measures such as test scores, wages, educational attainment, and employment, among others.
1 However, little empirical research has identified the channels of this effect. 2 Using data on specific parental investments from the Children of the National Longitudinal Survey of Youth 1979 (CNLSY), this article first confirms the existence of a causal birth-order effect on different measures of cognitive abilities and "parental investments," finding that not only do first-born children perform better on cognitive Although economists generally agree on a birth-order effect, there is much current debate regarding the mechanisms behind the effect. Price (2008) has found that parents spend more quality time with older siblings overall because they tend to split equally their time across existing siblings. Hotz and Pantano (2015) have found that younger siblings enjoy more lax discipline and rules. These works do not quantify how much of the birth-order gap can be explained by the identified mechanisms. Lehmann, Nuevo-Chiquero, and Vidal-Fernandez (2013) found a birth-order effect both in cognitive measures and parental investment measures. However, controlling for the contemporaneous effects of such investment as well as prenatal maternal behavior failed to significantly reduce the birth-order gap in the cognitive measures. Unfortunately, their model did not capture the dynamic impact of family investments or accommodate measurement error in either the parent or child measures. Therefore, their results may underestimate the effect of parental investments on the evolution of cognitive skills.
Somewhat tangential to the birth-order effect but critical for this study is the literature on estimating the production function of achievement, often measured by test scores. Todd and Wolpin (2003, 2007) provide an excellent summary of the existing econometrics frameworks and review the related empirical results in terms of the impact of family inputs or school inputs on the evolution of test scores.
In this paper, I use instead a new approach to modeling production functions, developed by Cunha and Heckman (2008) and Cunha, Heckman, and Schennach (2010) . The method assumes that skills and family inputs are unobserved and uses available "noisy" measures of them. Cunha and Heckman (2008) and Cunha, Heckman, and Schennach (2010) study the dynamic complementarities within and across cognitive and noncognitive skills and quantify the importance of maternal skills and family inputs in the production of these skills. The advantages of using this framework are at least twofold. First, this method can account for the fact that the econometrician can only observe noisy measures of the true underlying factors. Second, the method allows the data to determine which measure should receive the most weight in the estimation, given that observed measures may differ in the quality of their signal of the true underlying cognitive ability, and therefore they may be difficult to compare. This paper uses direct information on specific parental investments available in the CNLSY. Other studies on the impact of family behavior on child achievement have instead used information on the time parents actually spend doing activities with them (see, for example, Hsin 2009; Del-Boca, Flinn, and Wiswall 2014; Gayle, Golan, and Soytas 2014) . Although this is clearly a very important and useful alternative, the CNLSY has no information on the time use among parents. Other data sets, such as the Panel Study of Income Dynamics, have such information but lack other information such as multiple cognitive tests at different ages necessary for the analysis in this paper.
In Section II, I present the data and some empirical evidence of the birth-order effect. In Section III, I present the model and its estimation strategy. In Section IV, I present the results. In Section V, I conclude.
II. Data and Descriptive Analysis

A. Data
Since 1986, women who were originally included in the National Longitudinal Survey of Youth (NLSY79) have been interviewed biannually regarding their children for the Children of the National Longitudinal Survey of Youth (CNLSY). The CNLSY has information on 11,504 children from birth to 14 years old from 4,931 women (of the 6,283 women interviewed in the NLSY79). The CNLSY sample includes an oversample of black and low-income white mothers. I use the sampling weights provided by the NLSY79.
Of the original 11,504 children, I exclude families with twins (460 children), families with more than three children (2,710), families with subsequent siblings who are more than 15 years apart (135), and families with missing crucial information (eight). The final sample consists of 4,152 mothers and their 8,192 children. Of those families, 1,178 have one child, 1,909 have two children, and 1,065 have three children. The data set provides demographics of the mother and each child, including year of birth, gender, and ethnicity.
Key to the analysis is the availability of a rich set of cognitive measures and parental investments for each child. The Motor and Social Development (MSD) scale measures dimensions of the motor, social, and cognitive development of children from birth to age four. The Memory for Locations assessment was given in 1986 and 1988 to children ranging from eight months to three years and is a measure of a child's short-term memory. The Parts of the Body assessment was also administered in 1986 and 1988 and measures a one-or two-year-old child's receptive vocabulary knowledge. The Peabody Picture Vocabulary test (PPVT), which measures the children's vocabulary in English and provides an estimate of verbal ability, is taken by all children age three and older. The Peabody Individual Achievement Test (PIAT) starts at age five and is divided into three subtests: PIAT mathematics, PIAT reading recognition, and PIAT reading comprehension.
The current study's set of variables overlaps to a large extent with those used by Cunha, Heckman, and Schennach (2010) . More accurate descriptions can be found in the NLSY website (www.bls.gov/nls/nlsmrdat.htm). The raw scores for all tests are standardized within the sample to make the interpretation of the results simpler and to facilitate the estimation of the model. The sample also includes the number of hours the child reads for fun, which is useful for checking the robustness of some patterns of the data.
The measures of parental investments describe the quality of the home environment: whether the child has more than ten books (children of all ages), how often the mother reads to the child (children up to age nine), how often the child gets out of house (up to age two) or goes to an outing (from three to five years old), the number of hours the child watches television during the day or on weekends (age three and older), how often the child visits a museum (age six and older), how often the child goes to the theater (age six and older), whether the child is taken to musical performances (age six and older), whether the family receives daily newspapers (age six and older), and whether the child receives special lessons/activities (age six and older).
Although the parental investment measures capture differing investments, some parents may simply be more efficient in translating those investments into output. To allow for this, in the model, I also select variables that measure a mother's cognitive ability. I use years of education by age 25 and certain variables from the Armed Services Vocational Aptitude Battery (ASVAB), which was administered to all mothers in the NLSY in 1980. In particular, I use arithmetic reasoning, mathematical knowledge, word knowledge, and paragraph comprehension.
5 Tables 1 and 2 present the sample statistics of all variables by birth order. The variables are standardized (by age when applicable) within the sample to simplify comparisons and model estimations. The summary statistics provide some interesting insights. The cognitive measures are in general lower for higher birth orders. There is also evidence of declining parental investments with growing family size, particularly number of books and whether the mother reads to the child. To obtain a more refined estimate of the birth-order effect on both parental investments and cognitive outcomes, I explore a fixed effect regression approach.
B. Family Fixed Effect Estimates
Family-level fixed effect regression analyses control for all unobservables that may be correlated with birth order but that are constant within the family. For example, a simple ordinary least squares (OLS) regression of a cognitive test score on observables would deliver a biased estimate of birth-order effects if children in larger families tend to have lower cognitive ability. The set of controls included in the analysis depends on the dependent variable, but, when applicable, includes year dummies, age of the mother at birth, and age and gender of the child. The standard errors are obtained by clustering at the family level. Unless otherwise stated, all variables have been standardized such that the coefficient on first born can be interpreted in terms of standard deviations of the dependent variable.
The first panel of Table 3 presents the impact of being the first born on several measures of cognitive ability. Although there is a sizable impact of birth order with many variables, there are a few notable exceptions. The birth-order effect is not significant, such as in the PIAT math test, but it is sizable and significant in the two reading PIAT tests and in the PPVT. These results are consistent with the psychology literature, which finds that the birth-order effect is much stronger in verbal than in mathematical tests (see, for example, Zajonc and Sulloway 2007) . The Memory for Locations and Body Parts tests show no significant results for birth order. However, these tests have few observations and were administered only in 1986 and 1988. The birth-order effect is also quite large and significant for the MSD, which is given only to young children.
The second panel of Table 3 presents the results for parental investments. There, we see evidence of the birth-order effects in many measures, indicating that second-born children and, to a greater extent, third-born children receive fewer family investments than their older siblings. The effect appears to be stronger for investments that are more common among young children, such as the number of books and whether the mother reads to the child. The effect is not as prevalent for investments associated with older 5. Because this data set is based on the children of NLSY mothers, I have very limited information about the fathers. As a result, although fathers do play an important role (see, for example, Hill, Yeung, and Duncan 2001 and Yeung et al. 2001) , they are excluded from this analysis. children, such as whether the child is taken to the theater or a musical. One common criticism of some of these variables is that, in larger families, older siblings could replace a parent's investment, such as by reading to younger siblings. This would create a spurious birth-order effect in those variables. The last panel of Table 3 shows that laterborn children read for leisure on average half an hour less per week than their older siblings, suggesting that the birth-order effect observed in the first two parental investments is most likely not a result of measurement error. Notes: These results are obtained using family fixed-effect estimation techniques and the NLSY sampling weights. Standard errors are clustered at the family level. All regressions control for year, race, and age of the mother and for gender and age of the child; *** significantly different from zero at 1 percent; ** significantly different from zero at 5 percent; * significantly different from zero at 10 percent.
6. Tables A1 and A2 also show how the birth-order effect varies with age distance between siblings. Distant second-born siblings have somewhat lower cognitive abilities and parental investments. The evidence is much weaker for distant third-born children.
Although these results are informative, they do not shed light on the importance of differences in family investments across birth orders for the development of the birthorder gap in cognitive tests. A regression analysis of cognitive tests controlling for family investments would not be ideal for several reasons. Parental investments, for example, are hard to measure and may be affected by measurement error. Therefore, directly including them in a regression analysis would likely understate the importance of family investments. In addition, measures of parental investments are often incomplete; thus, the sample size of a joint regression analysis would be reduced. Finally, it would be difficult to understand the dynamic impact of each investment-that is, the effect that a variable has not only on the current gap but also on its persistence. Furthermore, this framework cannot control for the possible bias introduced by the optimal stopping behavior discussed earlier. Below, I introduce a framework that can address these shortcomings.
III. The Model
The main feature of the model of skill formation for young children presented in this paper is that family structure is allowed to interact with the production function of cognitive skills and with its input determination. Skills and inputs are assumed to be unobserved. This model does not specify the preferences of the parents but instead directly characterizes their optimal behavior using simple reduced-form approximations of the true underlying functions. Although this approach limits the structural interpretation of the estimates and prevents the results from being used for policy experiments (given that in general the reduced-form equations are not policy invariant), it greatly simplifies the computational task.
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Children of age a and birth order j are characterized by a level of cognitive ability H j a . A mother's cognitive ability is assumed to be constant over time and equal to H m . The model assumes that maternal cognitive ability and the potential initial ability of each sibling come from a joint density with the cumulative density function F h (H 0 ‚ H m ;h‚ d), which depends on the parameter vector y and the age distance between siblings d, where
Notice that this specification allows for a correlation in the initial ability of siblings.
Key to the model is the law of motion, which explains the evolution of cognitive skills-that is, the production function of skills:
This function, which is similar in spirit to that proposed by Cunha and Heckman (2008) , allows for self-productivity given that past skills are allowed to influence future skills through an autoregressive component. 8 Mother's skills are allowed to directly affect a child's learning process. This feature may capture the quality of parental investments 7. There have been very few attempts in the literature to develop a complete structural model of fertility, parental effort, and child achievement, such as Del- Boca, Flinn, and Wiswall (2014) and Gayle, Golan, and Soytas (2014) . Although these works represent very important contributions to family economics, their framework is not ideal for the analysis of this paper. Extending their research further to allow for the unobserved heterogeneity necessary for analyzing the birth-order effect is a task that is left for future research. 8. The main departure from Cunha and Heckman (2008) is that I omit noncognitive skills. rather than the quantity. I assume that parental investments are represented by a scalar variable I j a , unobserved to the econometrician, which also directly influences the evolution of skills. If a 3‚a is positive, then greater family inputs lead to higher cognitive ability of the child in the next period. The constant l j a‚s‚d is allowed to depend on family size, the birth order of the child, and the distance in age between siblings. This allows for larger families to have less-efficient learning technologies or later-born siblings to have a production function different from their older siblings. These effects are allowed to change over the life of the child.
One common concern with production functions is that the innovations e j a might be correlated with the inputs. For example, families in which children are, ex ante, likely to learn faster might be, ex ante, more (or less) generous in providing investments. I address this issue by separating the innovation into e j a = a 4‚a p + u j a , where p is a time (and family) invariant random variable that can be correlated with family inputs. The newly defined shock u j a is now assumed to be independent across ages and to all inputs.
9 I assume that the
comes from a joint density F u‚a (u a ;h) and therefore allow this innovation to be correlated across siblings.
10 This can capture the fact that the accumulation pattern of the cognitive skills can be similar across siblings for reasons other than parental investments.
Determining parental investments is crucial to the model. One possibility is that the amount of parental investment is a function of the family structure. For example, the "dilution" theory states that later-born children have access to fewer resources and therefore smaller parental investments than their older siblings. I assume that the input level for sibling j at age a is determined by the following equation:
where FI j a is the log family income of the child's family and g j a‚s‚d is a constant that depends on the order of the sibling j, the size of the family s, and the distance in age between siblings d.
11 Following Cunha, Heckman, and Schennach (2010) , I include family income to control for the financial constraints families face when choosing the optimal allocation of resources. I allow family inputs to be a function of the mother's skills. A mother with higher cognitive ability might find it less costly to provide inputs to her children. Family inputs are also a function of the child's cognitive skills. This could capture situations like remedial investments or situations in which parents believe that it is optimal to allocate more resources to more skilled children. Note that the variable p, which captures some of the endogeneity in the production function, is indeed allowed to directly influence the amount of family inputs on the child. The input shock e j a is assumed to be independent across ages and to all other righthand variables. I assume that 9. It should be stressed that this source of endogeneity is time invariant and constant within the family and therefore does not cover all possible concerns. An example of endogeneity that this approach cannot address is the following: Parents might reward (with more investments) children who are about to learn more than usual. This endogeneity would be represented in this specific model by a correlation between u j a and I j a . 10. The variable p is assumed to be independent of maternal ability. This is done without loss of generality given that we do not observe a dedicated measure of this variable. 11. I also assume that family income FI j a has a law of motion that depends on maternal ability and past family income.
the vector e a = e 1 a ‚ e 2 a ‚ e 3 a È É comes from a joint density F e‚a (e a ; h), and therefore I allow this input shock to be correlated across siblings.
Not every family has three siblings. Although without loss of generality we can assume that all families in this paper have at least one child, the decision of when to have the first child can depend on the unobservables of the family, which can be then related to subsequent fertility choices. Mothers who wait longer to have their first child are more likely to have fewer children. If the decision of when to have the first child is related to the mother's cognitive skills, then an endogenous correlation between those skills and the size of the family may emerge. For this reason, I first model the age of mother at the first birth as:
In this simple specification, I allow mothers with high cognitive abilities to have their first child later in their life.
The age at first birth may also depend on p allowing children who tend to accumulate fewer skills over time to be born to younger mothers. Similarly, I allow the dynamic fertility decision (having one more child) to depend on the mother's cognitive ability and on p:
Note that fertility may also depend on the cognitive ability of the youngest child at the moment of the decision to have an additional child. This last feature captures the "optimal stopping" behavior. In particular, a negative correlation between family size (and therefore birth order) and the cognitive ability of the youngest child would be consistent with a family continuing to have children until a "difficult" one arrives. At this point, it is useful to provide a summary of the channels through which the model can generate a birth-order effect. The endogenous fertility decision allows for some spurious (noncausal) correlations between birth order and cognitive ability. First, families with higher skills (through maternal skills or through p) may be less likely to have more children. Second, when fertility decisions depend on the skills of existing siblings, a birth-order effect can emerge as a result of optimal stopping behavior.
The structure of the input and production functions allows for several causal explanations for a birth-order effect. First, the cognitive skills gap at a certain age might be a consequence of the gap in the previous period because skills are persistent over time (a 1‚ a ). Second, the gap might emerge because of different levels of parental investments between younger and older siblings (g j a‚ s‚ d ). These different levels might be directly a function of birth order or a function of different family size between siblings.
12 Third, the gap might be generated by a different efficiency of the production function, captured by the constant (l j a‚ s‚ d ), which may depend on both birth order and family size. This channel is more difficult to interpret as the model does not fully observe the fundamental parts of the production system, and thus the patterns in l j a‚s‚d could be related to unobservable investments not captured by the variable I j a or it could be related to sibling social interactions. Finally, the gap may be driven by different initial conditions-that is, 12. The first-born child lives for a certain period in a family with only one child while this is never true for the second child. differences in the distribution of the initial draw, which may be related to differences in the behavior of mothers during pregnancy or during the first few months postpartum. Although the first two channels should ideally capture the different initial conditions, because of the sampling timing, the initial conditions may capture them.
A. Identification
The crucial variables (H m ‚ H a ‚ I a ‚ p) are assumed to be unobserved by the econometrician. However, the data set contains several noisy measures of these variables that can identify their distributions. I assume that the cognitive tests M m . I also assume that the age of the mother at the first birth M a is a noisy measure of maternal skills and of the family level variable p, while the dynamic fertility decision (having one more child) M f j‚a in a family whose youngest child is of order j is a noisy measure of the cognitive skills of the jth child, of maternal skills, and of the family-level variable p.
13 Following Cunha, Heckman, and Schennach (2010) , I use these measurements to obtain nonparametric identification of the joint density of all unobservables and therefore of the production function as well, which can be seen as a restriction on the overall density.
14 Several requirements must be satisfied to use Cunha, Heckman, and Schennach's (2010) approach. First, if the model contains L unobservables, then one must observe 2L + 1 measures of these variables, a requirement satisfied by the data set. Second, one must impose some normalizations given that the scale of the unobservables is not identifiable. To simplify the estimation, I assume linearity:
Equations 5, 6, and 7 describe three vectors of observables with at least two elements (and three elements at least for one case). All noises (or "uniquenesses") are assumed to be iid.
15 To identify the model, I must normalize one 13. Because fertility is a measure of both p and maternal ability, I assume that the two variables are independent. To separately identify the distribution of these two variables, I would need otherwise to observe some measures of p only. 14. Variables at different ages can be seen as different variables. For example, the cognitive skill of the firstborn child after one period H 1 1 is a different variable from the cognitive skill after two periods H 1 2 . 15. I allow for some correlation in the measurement error of family inputs. Although each question is asked once per child within the same household, for some variables we might expect the measurement error for some loading factor (the coefficient for the unobserved variable) for one measurement equation for each unobservable. I also set, without loss of generality, the variance of p and the variance of the shock e f j‚a to 1. 16 These normalizations, jointly with some regularity conditions, are sufficient to satisfy the requirements of Theorem 1 in Cunha, Heckman, and Schennach (2010) .
B. Estimation Strategy
Each child is followed from birth to age 14. The interviews are held every other year implying a maximum of eight observations per child. Hence, with a slight abuse of notation, I assume a = 1‚ . . . ‚ 8. Although most parameters are indexed by a, I chose to restrict them to have fewer parameters to estimate. For most cases, I select three stages a whereã = 1 if a = f1‚ 2g,ã = 2 if a = f3‚ 4‚ 5g, andã = 3 if a = f6‚ 7‚ 8g, within which the parameters are assumed to be constant.
As noted in the data section, all variables are standardized within the sample to facilitate the search for the optimal parameter vector. All cognitive and investment measurement equations include the same set of controls used in the fixed effect regressions (year, age, mother's age at birth, gender, race) in addition to the unobserved factors. The maternal age at first birth (Equation 3) controls for birth year of the mother, race, and family income. The fertility equation (Equation 4) controls for year, year of birth of the mother, family income, race, gender of the last child, gender mix (for the third child), and the age of the last child, in addition to the unobserved factors. The family-income equation controls for year, race, and year of birth of the mother in addition to maternal unobserved skills. The maternal ASVAB measurements and the maternal years of schooling equation (Equation 6 ) control for birth year of the mother and race in addition to maternal unobserved skills. Missing variables are assumed to be missing at random. However, as explained in the data section, the sample selection is such that no crucial variable, such as family size, year of birth, or gender of the child, is missing.
17 I assume that all random variables are drawn from normal distributions, an unrestrictive assumption as noted in the Appendix A11.2. of Cunha, Heckman, and Schennach (2010) .
answers to be correlated across siblings within the same family. For example, some families might not be able to distinguish the books of one child from the books of the other children. For this reason, I allow the measurement error to have a common family factor with loadings factors that can be different across different variables and across different birth order. Cunha and Heckman (2008) show under which conditions the correlation can be identified. For this, I need to set the correlation to be equal to zero for two variables. I choose the variables that measure whether the child receives special lessons or extracurricular activities and how often the baby goes out of the house. I chose these variables because it seems plausible to assume that their associated measurement error is not correlated with that of other investments, but the results are robust to alternative choices. 16. I also assume that the mean in the production function can be decomposed as l
, where distance j a indicates the distance in years from the previous sibling (or from the second sibling in the case of the firstborn), and that the birth-order effect for the first child and the family size for one-child families are equal to zero. Similar assumptions are also made for the mean of the input function g j a‚ s‚ d . 17. Although I can potentially deal with missing family income by introducing one more unobserved variable in the model, I chose to keep the framework as simple as possible and instead imputed the missing values using a linear projection based on past values. In a robustness check, available on request, I corrected the variance of the shock to the input to control for the fact that some family income observations were missing. The results for this exercise were indistinguishable from the baseline model.
The model is then estimated by using a quasi-maximum likelihood approach. I use "quasi" MLE rather than standard because the model estimated is different from the model outlined in the previous section in one way. In the estimation routine, I assume that fertility follows a normal distribution-that is, M f ‚ Ã j‚a = M f j‚a , similar in spirit to a linear probability model. By assuming that fertility is a normal random variable rather than a binary variable, I am able to implement a Kalman filter representation of the likelihood function, which enormously reduces the computational time. It is quite obvious that a binary variable is different from a normal variable. Therefore, I verify to what extent the model estimates can be mapped to the underlying parameters of the model. I implement a Monte Carlo analysis where I first simulate the data assuming that
, and then I estimate the parameters l
and the variance of the shock, assuming instead that 
The parameter vector chosen for the Monte Carlo analysis is similar in magnitude to the vector of actual estimates of the model although some less-crucial parts of the model are shut down and the parameters are restricted to have equal elements across different ages to increase computational speed. I repeat the estimation on 20 simulated data sets of the same sample size as the actual data, and I report the mean and standard deviations of the estimates for the most relevant parameters. Table 4 includes the results.
In the second (and fifth) column, I report the parameter values I use for the Monte Carlo analysis, while in the third (and sixth) column, I report the mean estimates and their standard deviations. It appears that no large economically significant bias emerges from using the approximated likelihood function. The average estimates for the production function parameters are not statistically different from the original ones. The estimates for the fertility equation, which arguably should be the most affected by the approximation, are close to the true parameters, although they do tend to be somewhat smaller. To test the impact of these biases, in the first row of the second panel of Table 4 , I calculate the average implied birth-order gap in cognitive skills for the 20 simulated data sets using the original parameter values (second and third columns) and using the mean estimates (fifth and sixth columns). The differences between the true mean values and the estimated ones are not large and are statistically insignificant indicating that there is no major bias in adopting the approximation method. To further verify this conclusion, I show in the second row that the impact of assuming random fertility (zero coefficients for H m , p, and H j a -1 ) would be much larger and of equal magnitude between the true and estimated values.
IV. Results
The large number of parameter estimates (376) makes it unreasonable to present and discuss each one in turn, although a comprehensive table of estimates is available upon request. Instead, I summarize the most relevant estimates. Table 5 shows the estimated signal-to-noise ratio of each measure. A number close to 100 percent indicates that the measures provide almost perfect information about the underlying unobserved variable, while a number closer to zero means that the measure is not very informative. Several insights emerge from this table. First, the ASVAB tests are quite good measures of maternal cognitive ability, better than the mother's years of education. Early cognitive skills are measured imprecisely with the exception of the MSD. Among the other cognitive tests, the verbal PIAT tests are the most informative. Parental investment measures are in general noisier than the cognitive tests, all of them being less than 25 percent signal. For young children, the best measures of parental investments are the number of books and whether the mother reads to the child. However, they both become less informative later in life. The best measures for older children are whether the child is taken to the museum or to the theater. Tables 6-8 show the estimates for the key parameters related to Equations 1-4. The estimates for the production function in Table 6 show that later-born siblings have a lessefficient production function than the first born but only from birth to four years old. The sign reverses in the other two stages. The patterns are rather small and marginally significant for second-born children and quite large for third-born children. As expected, these patterns are magnified for distant siblings in the case of the second born. However, distance does not play an important role for a third-born child. Family size is positively correlated with productivity, although the magnitude is small and not statistically significant for the second born. The level of persistence in skills increases substantially during a child's life, from 0.2 in the first stage to nearly 1.0 in the last stage. The impact of investment is always large and significant, but is much larger in the second stage when children are between age four and ten.
The impact of cognitive maternal skills declines with the age of the child and is not significant in the last stage. The family variable p is associated with higher Notes: These numbers are obtained simulating data using the parameter estimates on a sample of the same size as the real data. Each number represents the fraction of the measurement variance that can be explained by the underlying unobserved factor, either skill or input. Notes: Standard errors are in parentheses; *** significantly different from zero at 1 percent; ** significantly different from zero at 5 percent; * significantly different from zero at 10 percent. See the Data and Descriptive Analysis section for information on the data used and the Model section for a description of the estimation procedure. The coefficients for family size, the dummies for distance in age, and the correlation in the shocks are restricted to be the same across all ages. See Footnote 16 for the definition of the dummies for distance in age. Notes: Standard errors are in parentheses; *** significantly different from zero at 1 percent; ** significantly different from zero at 5 percent; * significantly different from zero at 10 percent. See the Data and Descriptive Analysis section for information on the data used and the Model section for a description of the estimation procedure. The coefficients for family size, the dummies for distance in age, and the correlation in the shocks are restricted to be the same across all ages. See Footnote 16 for the definition of the dummies for distance in age.
growth in skills in the first stage only, becoming negative in the second and third stages. A corollary of the fact that persistence is increasing with age is that the variance of the shock, which is positively correlated across children, decreases with age. The qualitative patterns in the estimates are similar to those of Cunha and Heckman (2008) , although a direct comparison is difficult to make given the different scale normalizations.
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The estimates for the investment function, shown in Table 7 , indicate that later-born children, and in particular third-born children, receive fewer investments. Distance between siblings seems to be a detriment only for the second born. The effect of family size is also negative although smaller in magnitude than the birth-order effect. Investments are only mildly positively related to children's skills, but they are more strongly correlated with maternal skills. Family income is also a positive determinant of investments. Interestingly, the family variable p is positively related to investments. This implies that families with children who tend to learn less expose those children to larger family investments and that failure to account for p would result in a negative bias on the importance of family investments. Table 8 shows parameter estimates relative to the fertility equations. Column 1 shows the parameters relative to the maternal age at first birth, controlling for family income, birth year, and race. High-skilled mothers tend to have children at older ages than do low-skilled mothers. This is not surprising, as the maternal skill level likely interacts with a mother's decision to work outside the home or not, which are absent in this analysis. The variable p is negatively related to the age at first birth, which means that mothers with high p start having children at younger ages. Columns 2-3 show the results for subsequent births, here controlling for family income, birth year, mother's race, age of the youngest child, year, gender of the last child, and gender mix of existing children. The coefficients for the three unobserved factors vary with the age of the youngest sibling. High-ability mothers tend to have more children, but they tend to bundle births close together. These coefficients do not offer much support for the correlations in Table  1 , where lower-ability mothers have more children. However, this inconsistency can be explained by the fact that low-ability mothers begin having children sooner and as a result have more children. 19 Mothers with high p tend to have more children. This piece of information helps characterize completely the nature of the factor p: Mothers with high p tend to have children when younger, tend to have more children, tend to have children who learn less over time, and tend to provide more investments for their children. Fertility is generally negatively related to the last child's cognitive ability. Although these results are not consistent with the optimal stopping model, the magnitudes are quite small when simulating the model.
The standard deviations of the fertility equations for the second and third child do not correspond to any structural parameter, but the findings are reported as a way to discuss 18. In my model, the family-input coefficients in the production function are generally higher than Cunha and Heckman (2008) . This can be explained, however, by the fact that they normalize the loading factor for family investment in the income equation, while in my framework family income enters directly in the investment function. The coefficients for maternal cognitive skills, which are normalized similarly in this paper and in Cunha and Heckman (2008) , are also quantitatively similar and have the same pattern over the life of the child-that is, they are more important when the child is younger. 19. In a set of OLS regressions that are not reported here, I find that the relationship between size and maternal ASVAB tests disappears once I condition on the mother's age at first birth. this feature of the estimation. In reality, the variance of the fertility equation is given by p · (1 -p) , where p is the probability of having one more child. However, in the estimation, fertility is treated as a continuous variable, so I estimate this variance as a free parameter rather than calculating what this variance should be given the other parameters. Note that this parameter is not used in the model simulation. In the previous section, I have analyzed the impact of this approximation.
I also find that the initial draw for the cognitive skill is correlated between children but not statistically correlated with the mother's cognitive ability. The second child is born Notes: Standard errors are in parentheses; *** significantly different from zero at 1 percent; ** significantly different from zero at 5 percent; * significantly different from zero at 10 percent. See the Data and Descriptive Analysis section for information on the data used and the Model section for a description of the ML estimation procedure. * = This parameter does not exist in the structural model for the second and third columns as the standard deviation of the shock is equal to ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi
, where p is the probability of having an extra child. See Sections IIIB and IV for a discussion. Other controls included in Column 1 are family income, birth year, and race of the mother. Controls for Columns 2 and 3 include family income, birth year, and race of the mother, age of the youngest child, year, gender of the last child, and gender mix of existing children.
with a disadvantage of 0.37 standard deviations (of the normalized cognitive test) with respect to the first born, while the disadvantage for the third born is half the size. These values are considerably smaller when the siblings are born three or more years apart. Although these gaps are interpreted here as "initial conditions," they refer to the first two years of life of children and therefore they might be the consequence of some parental behavior that, because of the sampling of the data, the model cannot capture.
Although the parameter estimates are instructive, their interpretation is often difficult. Therefore, the next section turns to a simulation analysis of the results, which can help illuminate the quantitative importance of each channel of the model.
The Birth-Order Effect and Its Components
To examine the magnitude of the birth-order effect that is implied by the estimates of the model and to quantify the sources of this effect, I simulate a data set using the parameter estimates from above and calculate the implied gaps on the underlying unobserved variables. I estimate these gaps by calculating the difference between the unobserved factors of the second-and third-born siblings and the unobserved factors of the first born at the same age. The simulated data set is 100 times as large as the actual sample. Figures  1 and 2 plot the birth-order effect in cognitive skills and family investments over the child's life. The gaps can be interpreted as standard deviations of the normalized test. For the cognitive skills, I normalized MSD and PIAT math; for investments, I normalized whether the mother reads to the child and whether the child attends extracurricular scholastic activities.
Second-born children start their life with a deficit of approximately 0.2 standard deviations on cognitive skills. This gap gradually declines and stabilizes at approximately Table A1 , this gap is on average larger for second-born children with a greater timespan between that child and the first-born sibling. The pattern is opposite and smaller for the third-born child. The family investment gap is also larger for the third born than the second born, and it is much larger in the first stage of life. For the second-born child, the gap declines from approximately 0.2 standard deviations to less than 0.1 standard deviations of the standardized investment. For the third born, this gap declines from 0.3 standard deviations to approximately 0.15 standard deviations. Table 9 presents counterfactual simulations to quantify the importance of each channel of the model. The first row reports the average gaps in cognitive skills and family investments for second-and third-born children. The second row reports the gaps obtained from the simulations after equalizing the investment function across different siblings. Specifically, I equate the parameter g j a‚s‚d across different siblings. As expected, approximately 90 percent of the gap in the quantity of investments between siblings disappears. This reduction corresponds to a decline in the birth-order effect of 51 percent for the second-born and 61 percent for the third-born child. The findings reveal that the patterns observed for the parental investments across siblings are indeed responsible for more than one-half of the birth-order effect in cognitive skills.
The third row also neutralizes the impact of family size in investments, equalizing the parameter g j a‚s‚d not just across different siblings but also across different family sizes. As expected, the reduction increases even further, although the magnitude of the change is small.
The fourth and fifth rows instead set the birth-order effect in the production function to zero (equalizing l j a‚s‚d across siblings) and then the family-size effect (equalizing The results indicate an important reduction of the birth-order effect, meaning that something not captured by the amount of investment is also different across siblings, but the magnitude is smaller at 32 percent. Family size reduces the birth-order effect, as the gap declines to 21 percent and 26 percent, indicating that the production function becomes more efficient when new members join the family, although the magnitude is quite small. Given that the impact of birth order and family size on the production function can be seen as a "residual" explanation, its presence suggests that although family investments are important, other factors that are not captured by the measures in the data are also crucial in explaining why first-born children have greater cognitive skills.
As anticipated by the results in Table 8 , I find no evidence of the optimal stopping model. When I set to zero all the parameters relative to the selection on unobservables in the fertility equations, the birth-order effect does not change or it mildly increases (by at most 5 percent). A corollary of this result is that the estimates from a fixed-effect model can therefore be considered causal.
In Table 9 , when I simulate the counterfactual gaps, I allow families to reoptimize their fertility decision. One might wonder whether the change in fertility is responsible for the change in the birth-order effect. To verify this, in Table A3 , I repeat the same experiments of the first four rows but holding the fertility decisions constant across experiments. The gap reductions are essentially the same as those reported in Table 9 . The second-and third-order gaps are the average gaps with respect to the firstborns. They are measured in terms of standard deviations of the normalized cognitive test or parental investment. These numbers are obtained simulating data using the parameter estimates on a sample 100 times the size of the real data.
V. Conclusion
The findings reveal a sizable birth-order effect in both cognitive skills and parental investments even after including several controls and family fixed effects. Using a method similar to the model used by Cunha and Heckman (2008) and Cunha, Heckman, and Schennach (2010) , I find that the difference in parental behavior across different siblings accounts for more than one-half of the birth-order gap. I also find that "optimal stopping" behavior, where parents tend to stop having children after a difficult child is born, is not a driving force of the effect. The results indicate that a large fraction of the gap remains unexplained.
In my model, the structure of the family is allowed to influence the choice of parental investments and the efficiency of the production function of achievement. One missing feature of the model is the presence of noncognitive skills. These skills, which I omitted for computational reasons, might shed light on the factors that contribute to the unexplained part of the gap.
An additional shortcoming of the analysis that should be addressed in future research is the use of reduced-form approximations for structural fertility and parent investment choices. Because the estimated reduced-form approximations are sensitive to the policy environment, the model cannot be used to evaluate potential family interventions. Existing research that structurally models fertility and inputs either does not fully endogenize family composition or does not allow for unobserved heterogeneity. Although extending the fully structural framework is computationally demanding, I believe this is the direction future research should take to properly evaluate possible family-related policy interventions. Notes: These results are obtained using family-level fixed effect estimation techniques and the NLSY sampling weights. Standard errors are clustered at the family level; *** significantly different from zero at 1 percent; ** significantly different from zero at 5 percent; * significantly different from zero at 10 percent. All regressions control for year, race, and age of the mother, gender and age of the child. Notes: These results are obtained using family-level fixed effect estimation techniques and the NLSY sampling weights. Standard errors are clustered at the family level; *** significantly different from zero at 1 percent; ** significantly different from zero at 5 percent; * significantly different from zero at 10 percent. All regressions control for year, race, and age of the mother, gender and age of the child. The second-and third-order gaps reported here are the average gaps with respect to the firstborns. They are measured in terms of standard deviations of the normalized cognitive test or parental investment. These numbers are obtained simulating data using the parameter estimates on a sample 100 times the size of the real data.
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